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Abstract [ Objective ] In face of increasingly stringent sewage treatment discharge standards and continuously rising operational
costs, leveraging intelligent technologies to achieve stable operation and energy conservation in wastewater treatment plants has become
an urgent challenge for the industry. Given the limited adaptability of traditional mechanistic models in describing complex biological
reaction processes, conducting data-driven state prediction research is of significant engineering importance. [ Methods] This paper
focused on the anaerobic-anoxic-oxic activated sludge process of a specific wastewater treatment plant and constructed a long short-term
memory ( LSTM ) network state prediction model. By performing data preprocessing procedures such as historical operation data
cleaning and normalization, a model input-output structure consistent with time-series characteristics was established. The model took
influent water quality indices, reactor operational state variables, and control parameters as inputs, uncovering dynamic correlations
within multivariate time-series data to achieve accurate prediction of key water quality parameters such as dissolved oxygen (DO) and
mixed liquor suspended solids (MLSS). [ Results] LSTM model significantly outperformed conventional recurrent neural networks
and multilayer perceptrons in terms of prediction accuracy, stability, and robustness. Furthermore, appropriately increasing network
complexity and the volume of training data could further enhance the predictive performance and generalization ability of the model.

[ Conclusion] This paper not only verifies the effectiveness and feasibility of deep learning method in time-series state prediction for
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wastewater treatment but also provides a reliable predictive basis for biological reactor states in intelligent operation strategies such as

feedforward compensation control and rolling optimization. Furthermore, it offers a feasible technical pathway for constructing data-

driven closed-loop optimization control systems, contributing positively to promoting intelligent and low-carbon operation of wastewater

treatment plants.
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Tab. 1 Input and Output of the State Prediction Model
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Structure of the LSTM Deep Learning Model
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Tab.3 Training Hyperparameters of the LSTM Model
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Tab.4 MSE and NSE Predictions by Each Model for Biochemical Reactors No. 1-No. 8
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Tab.5 MSE and NSE of the LSTM Model for Biochemical

Reactor No. 1 under Different Data Sets and Structures
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